Abstract-The health service ecosystem is a subdomain of the service ecosystem, which is an ecological view of the health service domain. Due to the importance and the speciality of health services, service consumers have rigorous requirements regarding the efficiency of health service search engines. However, as most health service consumers do not have enough domain knowledge, their service queries are sometimes not able to denote their actual service requests. Moreover, we find that the existing health service search engines lack the ability to help the consumers to disambiguate their service queries, which may impede the efficiency of the search engines. In this paper, by means of semantic search technologies, we design a framework enabling user query disambiguation in the health service ecosystem. The framework embodies a health service ontology for domain knowledge-based user query disambiguation and an ECBR algorithm for accurate service retrieval. In order to evaluate the framework, we build a system prototype and perform a series of experiments on it. Conclusions from the evaluation are drawn in the paper.
I. INTRODUCTION
A service ecosystem is an ecological view of the service domain in our business world [1, 2] . From this perspective, the service domain is cognized as an ecosystem, in which the objects involved in the service activities are species of the ecosystem and the services are the resources on which that species can live. In this service ecosystem, obviously the species is comprised of individuals and organizations, and the services contain all actual services in the service domain. Since the species are providers and consumers of the services, the features of the services reflect the features of the species. Consequently, we can deduce that the services in the service ecosystem are diverse and geographically dispersed owing to the commonly shared features of the species. Moreover, the service ecosystem can be divided into many subdomains. As one of its subdomains, the health service ecosystem inherits similar features from the service ecosystem. Because of the diversity and the geographical distribution of the health services, a species needing a service may not have the knowledge regarding the service request and thus might not find the species who can provide the service in a timely manner. Considering that time is crucial to health services, the health service ecosystem requires a reliable solution to establish an efficient and time-conscious link between the diverse and distributed species, in order to facilitate the species' survival.
Semantic search is an innovative technological field for disambiguating queries and enhancing search performance [3] , which is able to assist the species who do not have the knowledge about a service search to more accurately denote their search intentions. Hence, there is an urgent need for a semantic service search engine within the health ecosystem. Nevertheless, having surveyed the current commercial health service search engines, we find that most of them lack semantic supports, resulting in an inability to disambiguate user queries. Hence, the current commercial health service search engines cannot fulfil the above requirement. In this paper, we present a framework that facilitates semantic search within the health service ecosystem. This framework makes use of semantic search technologies for the retrieval of information from the health service ecosystem.
The rest of the paper is organized as follows: in Section 2, we conduct a general survey of the current semantic search research field and find the common issues in this field; in Section 3, we present the framework of the proposed solution for solving the search issue in the health service ecosystem; in Section 4, we introduce a health service metadata schema for standardizing health service information over the Internet and a health service ontology for modelling the domain knowledge of the health service ecosystem; in Section 5, we provide a mathematical model for the semantic search; in Section 6, we implement a series of experiments in order to validate the proposed framework; conclusions are drawn in the final section.
II. RELATED WORKS
In this section, we briefly introduce Semantic Web and ontology as well as review semantic search surveys in the existing literature.
A. Semantic Web and Ontology
Semantic web is an ongoing project, the aim of which is to provide meaning to the data in the web. By means of this project, the web is able to understand people's or machines' requests to use web contents [4] . To realize this objective, many semantic web language standards and semantic web development tools have been developed, such as OWL (Web Ontology Language), RDF (Resource Description Framework), RDFS (Resource Description Framework Schema), SPARQL (SPARQL Protocol and RDF Query Language), Protégé and so forth. Ontology is a form of domain knowledge representation [5] , which comprises concepts, properties of concepts and relations between concepts. Ontology is the backbone of the semantic web, being an efficient tool for representing knowledge and for knowledge sharing between people-people, people-machine and machine-machine.
B. Semantic Search
In 2003, Guha et al. [3] provided a new terminology -"semantic search" for the field of web search, which is distinct from the traditional information retrieval methods. The purpose of the semantic search is to assist users to denote their search intentions and assist search engines to understand the meaning of users' queries in terms of semantic web technologies. Since then, much research has been undertaken in the area of semantic search. Moreover, the literature indicates that three groups of researchers have conducted comprehensive surveys of the existing semantic search technologies.
In 2004, Hildebrand et al. [6] conducted a survey of 32 semantic search applications. They divide these semantic search applications into the phases of query construction, search algorithm and result presentation, and analyse the three phases from the perspective of functionality and interfaces. From the survey, they concluded that there are three drawbacks to the current semantic search applications: lack of evaluation of semantic search algorithms, lack of user evaluation of the interfaces and lack of APIs and middleware support.
In 2007, Mangold [7] conducted a survey on existing semantic search technologies within a limited scope. The semantic search approaches: 1) working on XML documents, 2) requiring user query formulation, 3) working on particular network environments, are excluded from this survey. Twenty-two semantic search approaches were selected by means of criteria which were established from the perspectives of architecture, coupling, transparency, user context, query modification, ontology structure and ontology technology. The author divided the 22 semantic search approaches in terms of their technological features, which are Simple HTML Ontology Extension (SHOE) [8] [9] [10] [11] , Inquirus2 [12] , TAP [3] , hybrid spreading activation [13, 14] , Intelligent Semantic Web Retrieval Agent (ISRA) [15] , librarian agent [16] , Semantic Content Organization and Retrieval Engine (SCORE) [17] , TRUST [18] , audio data retrieval [19, 20] , and Ontogator [21, 22] . The conclusions educed from the survey include: ignorance of analysis of query modification techniques, ignorance of incorporating semantic search engines, ignorance of analysis of user acceptance, adaptability of ontologies in semantic search engines, ignorance of ontology-based document ranking, ignorance of integration with Document or Content Management System (DMS/CMS), and lack of performance or scalability evaluation.
In 2008, Dong et al. [23] conducted a survey on current semantic search technologies, which embody 27 research achievements. We classified the research achievements by means of product types, technological features and retrieved objects. Six categories of semantic search technologies were identified, which include semantic search engines, semantic search technologies, hybrid semantic (keyword-based enhanced by semantic) search engines, XML (files) search engines, ontology (files) search engines and semantic multimedia (files) search engines. Four primary drawbacks were inferred from the survey: ignorance of ontological differences between designers' and users' perceptions, ignorance of evolving knowledge structure, low precision and high recall, and lack of evaluations.
These conclusions deduced from the above surveys indicate that the common limitation of the existing semantic search technologies is the lack of evaluations. In this research, we attempt to resolve this issue, namely to evaluate the proposed semantic search algorithm in detail.
III. PROPOSED SOLUTION
In this section, we propose a conceptual framework for a Health Service Semantic Search Engine (HSSSE), in order to disambiguate user queries and enhance search performance in the health service ecosystem.
The HSSSE framework is extended from our previous work in the transport service domain [24, 25] . The difference between the HSSSE framework and the previous work is that we modify some parts of the previous framework, including the knowledge base and functions of the interface, so that it can adapt to the health service domain.
The system architecture of the HSSSE is displayed in Fig. 1 . The HSSSE primarily comprises three parts, which are described as follows:
• Semantic search engine.
It is responsible for interacting with users for query disambiguation and service information retrieval by a series of human computer interactions (HCIs). In addition, a WordNet API is utilized for query filtering and expansion.
• Health service knowledge base. It is designed with the purpose of providing specific health service domain knowledge for query disambiguation. The service knowledge is stored in the form of a health service ontology, which is a hierarchy of health service concepts. The health service ontology will be discussed in Section 4.
• Health service metadata base.
It stores the information regarding health service advertisements and health service provider profiles.
The service information is abstracted from web documents over the Internet, and standardized to service metadata according to a unified health service metadata schema. A service metadata is annotated by concepts of the ontology stored in the health service knowledge base, by associating it with one or more relevant concepts. The health service metadata schema will be discussed in Section 4. The workflow of the HSSSE system is depicted as follows:
1. Once a user sends a query to the semantic search engine, the query words are sent to the WordNet API for query filtering and query expansion. As a result, the keywords in the query are preserved when they can be found from the WordNet, and the synonyms of the keywords are retrieved from the API. 2. The semantic search engine computes the similarity values between the expanded query and each concept in the health service ontology by means of a mathematical model. The matched concepts are then displayed to the user and ranked according to their similarity values. The mathematical model will be described in Section 5. 3. The search module employs the following HCI approach for query disambiguation:
a. The user can choose the preferred health service concept from the retrieved concepts by means of a view-based approach. b. Once the user clicks a concept, if the concept is a parent class in the health service ontology, all its children classes are retrieved from the health service knowledge base and displayed to the user as well as ranked according to their similarity values against the query. c. The user can then choose the preferred health service concept from the retrieved view of concepts.
Step 3a to
Step 3c is a recursive process unless the user chooses a bottom-level concept from the health service ontology. d. Once the user chooses a bottom-level concept from the health service ontology, the health service metadata annotated by the health service concept are retrieved from the health service metadata base and ranked based upon their domain-specific quality values based on an extended CCCI metrics methodology. Further details regarding the CCCI metrics can be referenced from [26] .
The major feature of the semantic search approach is that it provides a restricted view-based approach for users to retrieve the appropriate health service concepts to denote their queries. There are two main advantages of this approach, which are described as follows:
1. This approach does not purely match concepts with a query based on their similarity values with the query. On the contrary, it displays all the children classes of a matched concept to the user, and does not omit concepts that could be relevant to the query. Moreover, this approach allows users' subjective perceptions towards their queries to work in the query disambiguation process, which potentially enhances user satisfaction towards the concept selection, since users play the most decisive roles in this process. 2. The concepts that comprise a view are selected based on the similarity values between the concepts and a query, which ignores concepts irrelevant to the query, reduces the scope of user viewing, and facilitates the view-based search. This eliminates the limitation of the view-based search whereby views with large-scale options could bring users obvious inconvenience, when considering the time cost factor.
In the next section, we will introduce the unified health service metadata schema employed to standardize health service information and the health service ontology that specially represents health service domain knowledge.
IV. HEALTH SERVICE METADATA SCHEMA AND HEALTH SERVICE ONTOLOGY

A. Health Service Metadata Schema
As introduced in Section 3, before a health service advertisement or a health service provider profile can be retrieved from the Internet, it must be standardized in terms of a unified health service metadata schema, which allows both users and computers to easily understand the meaning of the service information. Consequently, we designed a semanticfocused crawler to standardize health service information. Here, we introduce only the unified health service metadata schema; further details regarding the semantic focused crawler can be referenced from [27, 28] .
There are two types of schemas involved in health service metadata schema, which are Health Service Description Entity (HSDE) schema and Health Service Provider (HSP) schema [27] .
The HSDE schema is used to build a health service metadata that describes a health service provided by a service provider, which is defined by the following properties:
• healthServiceName. This property provides the name of a health service provided by a service provider, e.g. massage therapy.
• serviceDescription. The serviceDescription stores the detailed description of a health service. This property can be an arbitrary amount, which depends on the number of information snippets describing a health service entity.
• linkedConcepts. This property is used to store URIs of relevant bottom-level health service ontology concepts in order to realize the annotation process.
• provider. This property is used to reference the relevant HSP metadata by storing their URIs.
The HSDE schema in RDFS is shown below: The HSP schema is used to build an HSP metadata that describes a health service provider, which consists of the following properties:
• providerName. This property is used to store the name of a health service provider, e.g. the name of a hospital.
• providerProfile. This property is used to store the descriptive information about the profile of a health service provider.
• address. This property is used to store the address information of a health service provider.
• contactDetails. This property is used to store the contact information of a health service provider, including phone number, fax number, URL of website, email etc.
• services. services is the inverse property of the provider property of the HSDE schema, which is used to store the URI(s) of the HSDE metadata relevant to a HSP metadata.
The HSP schema in RDFS is displayed below: 
B. Health Service Ontology
The health ontology is a four-tier hierarchical structure with 218 health service concepts, in which the lower level concepts are the specification of the upper level concepts. The root concept defines the boundary of the general health service domain and the properties of a generic health service. The second tier concepts define the six health service subdomains, which are allied health service, dentistry service, medicine service, nursing service, pathological and clinical laboratory service, and hospital and clinic service. The third and fourth tier concepts are the further specification of the subdomain concepts, which inherit the properties from its superclass and also have own domain-specific properties. It is noted that the health service ontology is designed by referring to the relevant knowledge from Wikipedia (http://en.wikipedia.org/wiki/), Open directory Project (ODP) (http://www.dmoz.org), and hundreds of international health service websites. Further details regarding the health service ontology can be referenced from [27] .
V. QUERY-CONCEPT MATCHING ALGORITHM
In order to realize the function of computing similarity values between ontological concepts and queries, we design an Extended Case-based Reasoning (ECBR) algorithm. The principle of the ECBR algorithm is to compare a group of query terms and their synonyms with the serviceDescription property values of a service concept. For a serviceDescription property, if a query term is contained in it, a value of 1 will be awarded; if a synonym of a query term is contained in it, a value of 0.5 will be awarded. After the comparison process, the sum of the values for the comparison of all query terms will be normalized by the length of the terms in the serviceDescription property; thus, its value should be between 0 and 1. Since one concept may have more than one serviceDescription property, the maximum value among them is the similarity value between the concept and the group of query terms. The ECBR algorithm for computing the similarity value between a concept C and a query Q is mathematically shown below:
where SD i is a serviceDescription property of the concept C, t ih is a term that occurs within SD i , and l SDi is the frequency of all terms appearing in SD i ; q t is a term that occurs within the query Q, and S are synonyms of Q, which consists of a group of terms s k .
The ECBR model is very simple to implement, and it does not need to generate index terms before matching, which saves pre-processing time. It can also adapt to the flexibility of concepts that often needs to regenerate index terms in most of the index term-based algorithms. Since the algorithm is independent of index terms, it does not have the issue of index term dependency.
More in-depth information can be referenced from [29, 30] .
After obtaining the similarity value between a query and a concept, a threshold value needs to be configured in order to prevent the phenomenon of query flooding, and to filter irrelevant concepts for a query, as well as to select a limited number of concepts to compose a view for users. Therefore, in the next section, we will implement a series of experiments for the optimal threshold value selection.
VI. SYSTEM EVALUATION In this section, we empirically evaluate the ECBR model employed in the HSSSE system. The goals of this experiment are: (1) to find the proper threshold value for the ECBR model; and (2) to evaluate the feasibility of the ECBR model in the HSSSE.
A. Performance Indicators
In order to find the proper threshold value and evaluate our ECBR model, three performance indicators from the field of information retrieval are employed, which are precision, recall, and harmonic mean.
Precision in the information retrieval is used to measure the preciseness of a retrieval system. In this experiment, precision is the proportion of retrieved and relevant concepts in all retrieved concepts for a query, which are represented below as: number of retrieved and relevant concepts Precision = number of retrieved concepts (4) Recall in the information retrieval refers to the measure of effectiveness of a query system. In this experiment, recall is the proportion of retrieved and relevant concepts in all relevant concepts for a query, which can be represented as:
number of retrieved and relevant concepts Recall = number of relevant concepts
It is important to note that the number of relevant concepts can be determined only by a peer-reviewed method, as the estimation of relevance between concepts and queries requires detailed knowledge of all concepts in the collection, which can only be manually implemented in the current situation.
Harmonic mean (F-measure) in the information retrieval is used as an aggregated performance scale for the search engine. In this experiment, harmonic mean is the mean of precision and recall, which can be represented as:
When the harmonic mean value reaches the highest, it means the aggregated value between precision and recall reach to the highest simultaneously.
B. Experiments
We configure an experiment to evaluate the performance of our ECBR model in the HSSSE system from the perspective of information retrieval, In order to obtain the most precise statistical data, we instantiate 100 queries which cover almost every domain in the health service field. Therefore, all the indicators' results will be averaged by 100. We will use the peer-reviewed method to test the performance of our ECBR model on the three indicators, by the level of different threshold values that range from 0 to 1.0 with an increment of 0.05. By means of the harmonic mean that leverages the two indicators -precision and recall, the optimal threshold value for the ECBR model can be determined. This task can realize the first and second goal of our experiment. Fig. 2 displays the performance of the ECBR model on precision for different threshold values. It is found that the overall trend of the ECBR on precision is ascending along with the augmentation of the threshold value. This is because the higher threshold values can filter more irrelevant concepts to a query. It can be obviously observed that Threshold Value 0.5 is a watershed in this curve, due to a more than 70% raise of the precision value at this point. The precision value reaches the peak and remains stable after the threshold value reaches 0.75 or higher. Fig. 4 depicts the performance of the ECBR model on harmonic mean for different threshold values. As the aggregation of precision and recall, the trend of the ECBR on harmonic mean is jointly affected by the trends on precision and recall. It can be seen that the overall trend of the ECBR on harmonic mean is analogous to its trend on precision, as a result of that the overall variation interval of the ECBR on recall is relatively smaller (7.17%) compared with its overall variation interval on precision (80.36%). Therefore, the impact of the precision trend on the harmonic mean trend appears more obvious than the recall trend. Therefore, analogously, Threshold Value 0.5 is a milestone for the trend of the ECBR model on harmonic mean, and the harmonic mean values reaches the top when the threshold value is higher than 0.75. We draw two conclusions to this experiment, which can be described as follows:
• With regard to the first goal involved in this experiment, we employ the aggregated metricsharmonic mean as the benchmark to determine the optimal threshold value for the ECBR model. It is observed that the harmonic mean value reaches the top and remains stable when the threshold value is higher than 0.75. Consequently, 0.75 is an optimal threshold value for the ECBR model in this experiment.
• With regard to the second goal, we judge the validity of the ECBR model based on its performance at its optimal threshold value. At the 0.75 point, its precision value is 94.50%, its recall value is 92.83% and its harmonic mean value is 93.66%, which can be regarded as an outstanding performance for the ECBR model from the perspective of information retrieval. Thus, we can conclude that the feasibility of the ECBR model is proven by this experiment.
VII. CONCLUSION AND FUTURE WORK In this paper, in order to address the troublesome situation of the service search engines, and help users to disambiguate their service queries and enhance searching precision in the health service ecosystem, we proposed a HSSSE framework by integrating semantic search technologies into the health service search process. We designed a restricted view-based search module, by selecting relevant ontological concepts to compose a limited view from which users can choose in order to denote their service queries. An ECBR algorithm is employed for determining relevant concepts for constructing a view for a query. Through our experiment, we primarily prove the feasibility of this framework in the health service ecosystem.
Our future work will focus on the following areas:
• We will adopt the index term strategy to enhance the efficiency of our ECBR model. • We will compare our model with other typical information retrieval models to further prove its feasibility.
• We will compare our framework with other similar products in this field to further prove its feasibility.
